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Abstract: Binding to the host receptor is a critical initial step for the coronavirus SARS-CoV-2
spike protein to enter into target cells and trigger virus transmission. A detailed dynamic and
energetic view of the binding mechanisms underlying virus entry is not fully understood and the
consensus around the molecular origins behind binding preferences of SARS-CoV-2 for binding with
the angiotensin-converting enzyme 2 (ACE2) host receptor is yet to be established. In this work,
we performed a comprehensive computational investigation in which sequence analysis and modeling
of coevolutionary networks are combined with atomistic molecular simulations and comparative
binding free energy analysis of the SARS-CoV and SARS-CoV-2 spike protein receptor binding domains
with the ACE2 host receptor. Different from other computational studies, we systematically examine
the molecular and energetic determinants of the binding mechanisms between SARS-CoV-2 and ACE2
proteins through the lens of coevolution, conformational dynamics, and allosteric interactions that
conspire to drive binding interactions and signal transmission. Conformational dynamics analysis
revealed the important differences in mobility of the binding interfaces for the SARS-CoV-2 spike
protein that are not confined to several binding hotspots, but instead are broadly distributed across
many interface residues. Through coevolutionary network analysis and dynamics-based alanine
scanning, we established linkages between the binding energy hotspots and potential regulators and
carriers of signal communication in the virus–host receptor complexes. The results of this study
detailed a binding mechanism in which the energetics of the SARS-CoV-2 association with ACE2 may
be determined by cumulative changes of a number of residues distributed across the entire binding
interface. The central findings of this study are consistent with structural and biochemical data
and highlight drug discovery challenges of inhibiting large and adaptive protein–protein interfaces
responsible for virus entry and infection transmission.
Keywords: SARS-CoV spike protein; ACE2; coevolution; molecular dynamics; alanine scanning;
binding free energy; allosteric interactions; signal transmission
1. Introduction
The coronavirus disease 2019 (COVID-19) pandemic has emerged as a global international
health crisis that has spread over the world with far-reaching implications for global economy, peace,
and security [1,2]. The coronavirus SARS-CoV-2 (previously known as nCoV-19) is associated with the
acute respiratory distress syndrome [1,2] and is similar to the severe acute respiratory syndrome (SARS)
and Middle East respiratory syndrome (MERS) viruses [3]. The genomic sequences of the coronavirus
Int. J. Mol. Sci. 2020, 21, 8268; doi:10.3390/ijms21218268 www.mdpi.com/journal/ijms
Int. J. Mol. Sci. 2020, 21, 8268 2 of 31
SARS-CoV-2 showed a high level of sequence similarity between the SARS-CoV-2, SARS, and MERS
proteins involved in the replication cycle [4–6]. SARS-CoV-2 has four main structural proteins: spike
(S) glycoprotein, small envelope (E) glycoprotein, membrane (M) glycoprotein, and nucleocapsid (N)
protein, along with several accessory proteins [7–9]. Recent studies have identified that SARS-CoV-2
uses ACE2 enzyme [10–12] and the cellular protease transmembrane protease serine 2 (TMPRSS2)
as cell entry receptors. SARS-CoV-2 binds to the ACE2 receptor on the surface of the host cell using
binding of the S1 region of the virus spike (S) protein followed by the fusion of the viral and cellular
membranes mediated by the S2 subunit of the spike S protein [13]. The crystal structure of the
receptor-binding domain (RBD) of SARS-CoV-2 spike protein in complex with human ACE2 revealed a
binding mode similar to the one observed for SARS-CoV spike protein [14]. Furthermore, the real-time
surface plasmon resonance (SPR) assays showed that the interactions between SARS-CoV-2-RBD and
human ACE2 are specific, leading to the four-fold stronger binding affinity as compared with the
SARS-CoV-RBD [14]. The initial comparative analyses based on decade-long structural studies of
SARS coronavirus established the key interactions between SARS-CoV-RBD and its host receptor
ACE2 enzyme that may regulate both the cross-species and human-to-human transmissions [15].
This study suggested that SARS-CoV-2 (year 2019) likely uses human ACE2 more efficiently than
human SARS-CoV (year 2003). Furthermore, this analysis reinforced the notion that the mechanism of
binding energetics with ACE2 may be linked and ultimately determine SARS infectivity, indicating that
SARS-CoV-2 may have evolved its capability for the stronger binding with human ACE2 enzyme and
accordingly may have developed a unique capacity for rapid infection transmission among humans.
Although binding of SARS-CoV-RBD to the ACE2 receptor is now recognized as a critical initial step
for virus entry into target cells, the molecular determinants of binding specificity for SARS-CoV-2
are not fully established, owing to structurally similar binding interfaces shared by these proteins
with human ACE2. Recent studies elaborated functional mechanisms of ACE2 in mediating entry of
SARS-CoV and SARS-CoV-2 spike proteins [16–20]. SARS spike proteins are trimeric fusion proteins
with two main domains, the S1 and the S2 domain. The cryo-EM structures of the SARS-CoV-2
spike ectodomain trimer in two distinct conformations provided evidence of large conformational
changes of the SARS-CoV-2 spike glycoprotein and identified conserved and accessible epitopes
across S glycoproteins confirming that SARS-CoV-2 and SARS-CoV bind with similar affinities to
human ACE2 [16]. The cryo-EM structures of MERS-CoV and SARS-CoV spike glycoproteins further
characterized the dynamic principles of receptor binding, showing that during binding with the host
receptor, the RBD of S1 trimer undergoes hinge motions between receptor-inaccessible “down” and
the receptor-accessible “up” conformations [17–19]. The recent cryo-EM structure of the SARS-CoV-2
trimeric spike in the prefusion conformation allowed for reconstruction of an asymmetrical trimer
in which a single RBD was observed only in the up conformation [20]. This study also employed
biophysical analysis and binding assays to demonstrate that in this conformation the SARS-CoV-2
trimeric spike protein binds at least 10 times stronger to the common host cell receptor than the
SARS-CoV protein [20]. The crystal structures of the SARS-CoV-RBD [21–23] and SARS-CoV-2-RBD
proteins bound to the host receptor ACE2 [24] (Figure 1) provided a foundation for understanding
dynamic and energetic differences between these spike proteins. These studies reported a high degree of
structural similarity between SARS-CoV-RBD and SARS-CoV-2-RBD proteins with a root mean square
deviation, RMSD = 1.2 Å for Cα atoms, and even a lower RMSD = 0.68 Å between ACE2 conformations,
also indicating that the structural arrangement of the binding interfaces in the SARS-CoV-RBD and
SARS-CoV-2-RBD complexes with ACE2 is virtually identical [24]. According to the crystallographic
data, even in the more variable receptor binding motif (RBM) of the binding interface, SARS-CoV-RBD
and SARS-CoV-2-RBD maintain significant structurally similarity (RMSD = 1.3–1.4 Å) showing a
visible local conformational change only in the remote end of the RBM region [24]. Sequence analysis
also revealed a considerable similarity between SARS-CoV-2 and SARS-CoV RBD proteins (Figure 2),
suggesting convergent evolution of spike structural folds for binding to ACE2 enzyme [21,24].
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Figure 1. Structural organization of the SARS-CoV-RBD (severe acute respiratory syndrome coronavirus
receptor binding domain) and SARS-CoV-2-RBD (severe acute respiratory syndrome coronavirus 2
receptor binding domain) complexes with human ACE enzyme. (A) A general overview of the
SARS-CoV-RBD complex with ACE2 (pdb id 2AJF). The SARS-CoV-RBD is in cyan ribbons and the
bound ACE2 enzyme is in pink ribbons. The crystal structure of the unbound native human ACE2
enzyme (pdb id 1R42) is superimposed and shown in red ribbons. (B) A general overview of the
SARS-CoV-2-RBD complex with ACE2 (pdb id 6M0J). The SARS-CoV-2-RBD is shown in blue ribbons,
the bound ACE2 enzyme is in pink ribbons, and the unbound form of ACE2 is in green. (C) Structural
superposition of the unbound SARS-CoV-RBD (pdb id 2GHV) (in orange), bound SARS-CoV-RBD (pdb
id 2AJF) (in cyan), and SARS-CoV-2-RBD (pdb id 6M0J) (in blue). Structural similarity of the RBM motif
is indicated by an arrow and annotated. A moderate local mobility of the flexible ridge loop at the tip of
the RBM in the unbound and bound SARS-CoV-RBD forms is evident. (D) A general overview of the
secondary structure elements and binding interface in the SARS-CoV-RBD complex with human ACE2.
The SARS-CoV-RBD is shown in cyan and secondary structure elements are annotated. The RBM region
in SARS-CoV-RBD (residues 424–494) that provides the contact interface with ACE2 is highlighted
in blue ribbons and annotated. The subdomain I of human ACE2 is shown in red ribbons and the
subdomain II is shown in green ribbons. (E) A general overview of the secondary structure elements
and binding interface in the SARS-CoV-2 RBD complex with human ACE2. The SARS-CoV-RBD is
shown in cyan and secondary structure elements are annotated. The RBM region is in blue ribbons and
annotated. The subdomains I and II of human ACE2 are shown in red and green ribbons, respectively.
The observed sequence similarities are evident even in the variable RBM interface region where
many identical residues are shared between SARS-CoV-RBD and SARS-CoV-2-RBD proteins (Figure 2).
However, a number of residues at the binding interface with ACE2 are different between SARS-CoV-RBD
and SARS-CoV-2 RBD proteins (Table S1). Another crystal structure of the RBD of the ACE2 complex
with the engineered chimera of spike protein of SARS-CoV-2 was recently reported that retained the
core from the SARS-CoV-RBD as the crystallization scaffold and used the RBM from SARS-CoV-2
as the functionally relevant motif [25]. The structure of this chimeric RBD–ACE2 complex is highly
similar to the structure of the SARS-CoV-2 wild-type RBD–ACE2 complex [24]. Importantly, both
the chimeric and native SARS-CoV-2 RBD proteins displayed significantly stronger binding affinities
with ACE2 as compared with the SARS-CoV RBD. It was conjectured that the RBM region in the
SARS-CoV-2-RBD has a more compact conformation and features several modifications that may
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contribute to stabilization of the binding interface hotspots and explain the stronger binding with
ACE2 [25].
Figure 2. Sequence alignment of the SARS-CoV and SARS-CoV-2 RBD proteins. (Top panel) The
sequence alignment of the SARS-CoV and SARS-CoV-2 spike proteins. (Bottom panel). The sequence
comparison of the RBM residues. SARS-CoV-RBD residues are in blue and SARS-CoV-2 RBD residues
are in red. The close-up of the RBM alignment highlights presence of evolutionary conserved positions
even in the most variable interface region. The emergence of a significant number of amino acid
modifications between the SARS-CoV and SARS-CoV-2 RBD proteins can be also seen.
The cryo–electron microscopy structures of the full-length human ACE2 in the presence of the
neutral amino acid transporter B0AT1 with or without the RBD of the spike glycoprotein of SARS-CoV-2
unveiled an elegant architecture suggesting simultaneous binding of two S protein trimers to an ACE2
homodimer [26]. The comparative analysis of the ACE2 binding interfaces with SARS-CoV-2 RBD
and SARS-CoV RBD proteins suggested a complex balance of the interactions, where some contacts
may strengthen binding of SARS-CoV-2-RBD while other changes could be counterproductive and
weaken SARS-CoV-2-RBD binding [26]. These pioneering studies also indicated that the molecular
and energetic determinants of SARS-CoV-2 selectivity are yet to be fully delineated and may involve a
delicate balance of multiple thermodynamic factors that require a detailed biophysical analysis of the
interplay between structure, dynamics, and binding. Combined, sequence, and structure analyses of
these complexes structures [21,24–26] highlighted how sequence variations in the SARS-CoV-RBD and
SARS-CoV-2-RBD proteins can be reflected in various local conformational changes of the binding
interfaces with the ACE2 host receptor (Figure 3). The crystallographic studies and biophysical
experiments of the SARS-CoV-2 protein binding with ACE2 concluded that binding affinity changes
are highly relevant and critically important for SARS-CoV-2 selective entry to the host receptor. While
the structure-based energetic changes can shed light onto the principles of the binding mechanism,
the interplay of local and global dynamic variations and accompanied free energy changes need
to be quantified to better explain the unusual selectivity of the SARS-CoV-2 virus entry [24–26].
The biochemical and mutagenesis studies explored energetics and binding mechanisms of SARS-CoV-2
interactions with the host receptor [27,28]. Deep mutational scanning of SARS-CoV-2 RBD revealed
protein stability patterns and constraints on folding and ACE2 binding [27]. It was discovered that a
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surprisingly large number of amino acid modifications, including the binding interface residues, could
be tolerated and even improve ACE2 binding.
Figure 3. An overview of the binding interface residues in the SARS-CoV-RBD and SARS-CoV-2-RBD
complexes with human ACE enzyme. The minimized average equilibrium structures obtained from
MD simulations are used to depict the binding interface regions and highlight small conformational
changes. (A) The N-terminus segment of the interface is shown. The SARS-CoV-RBD residues
T487, Y491, N479, Y442, Y475, and L472 from the complex with ACE2 are shown in cyan sticks.
The corresponding SARS-CoV-2-RBD residues N501, Y505, Q493, L455, Y489, and F486 are shown
in blue sticks. (B) Another binding interface region is shown with SARS-CoV-RBD residues T486,
G488, T433, G482, Y484, Y436, and D480 (cyan sticks). The corresponding SARS-CoV-2-RBD residues
T500, G502, G446, G496, Q498, Y449, and S494 are shown in blue sticks. (C) The central segment of
the binding interface with SARS-CoV-RBD residues N479, V404, Y442, L443, F460, and Y475 (cyan
sticks). The SARS-CoV-2-RBD residues are Q493, K417, L455, F456, Y473, and Y489 (blue sticks). (D)
The binding interface flexible ridge with SARS-CoV-RBD residues Y475, N473, and L472 (cyan sticks)
and SARS-CoV-2-RBD residues Y489, N487, and F486 (in blue sticks). In all panels ACE2 interacting
residues are annotated and shown in red sticks for the SARS-CoV-RBD complex and green sticks for
the complex with SARS-CoV-2-RBD.
In particular, mutations of several important interface positions can enhance ACE2 binding affinity
(N501F, N501T, and Q498Y) [27] suggesting dynamic and energetic plasticity of the SARS-CoV-2
interaction network in which mutations that attenuate the polar nature of these residues may enhance
binding affinity. Using deep mutagenesis, it was also demonstrated that human ACE2 is only
suboptimal for binding of the SARS-CoV-2 RBD as ACE2 variants near the interface can result in
the improved binding and simultaneously enhance folding stability [28]. These biochemical studies
suggested that the protein and binding affinity of the SARS-CoV-2-RBD with ACE2 may involve a subtle
cumulative effect of many small contributions from multiple positions that are broadly distributed
across the intermolecular interface and in the protein core regions.
The rapidly emerging plethora of computational studies examined SARS-CoV-2-RBD interactions
with ACE2 enzyme using the recent crystal structures [29–37]. It was proposed that SARS-CoV-2-RBD
may have adopted a specific strategy for achieving favorable binding affinity by exploiting the
larger binding interface as compared to the SARS-CoV-RBD that employs the fewer contacts and
could rely only on major hotpot centers [29]. This study suggested that a more favorable binding
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affinity of SARS-CoV-2 RBD can be achieved through a combination of multiple interface contacts
and protein stability enhancement. Microsecond molecular dynamics (MD) simulations examined
the molecular determinants of the higher affinity of SARS-CoV-2 toward ACE2 by predicting the
key role of Q498 and F486 residues (corresponding to Y484 and L472 in SARS-CoV) (Figure 3), also
noticing that the electrostatic potential at the binding interface with the two SARS variants showed
no appreciable differences [30]. This study proposed that the recognition loop of the RBM (residues
470–491 in SARS-CoV-2) and its persistent interactions with ACE2 may contribute to the enhanced
binding affinity towards ACE2 and provide a molecular link with human-to-human transmissibility
and virus infectivity. A related study also highlighted the role of F486 from SARS-CoV-2 RBM
region that protrudes deeply into a hydrophobic pocket of ACE2 formed by F28, L79, Y83, and L97
residues (Figure 3C,D), which points to a potential role of the flexible loop 480-CNGVEGFNC-488
in modulating binding selectivity [31]. The latest comprehensive computational study employed
molecular dynamics (MD) simulations to reveal a balance of hydrophobic interactions and elaborate
hydrogen-bonding network in the SARS-CoV-2-RBD interface [33]. It was shown that mutation
of a hydrophobic residue V404 in the SARS-CoV to K417 in SARS-CoV-2 can create a salt bridge
across the hydrophobic contact region and leads to a greater electrostatic complementarity and
binding affinity of the SARS-CoV-2 complex with human ACE2 enzyme. Microsecond, all-atom MD
simulations of the full-length SARS-CoV-2 S glycoprotein embedded in the viral membrane, with a
complete glycosylation profile have been recently reported, providing the unprecedented level of
atomistic details, showing differential accessibility of the RBD regions to the glycan shield in the
open and closed forms [34]. This study demonstrated that the dynamics of glycan shield can be
allosterically coupled to conformational changes, regulating the equilibrium transitions and response
to the host receptor. MD simulations of the SARS-CoV-2 spike glycoprotein identified the changes in
the molecular properties due to conformational flexibility [35]. Several computational methods were
used to identify potential allosteric sites on the SARS-CoV-2 spike protein [36] and employed network
modeling to suggest allosteric signaling as a possible mechanism underlying virus transmission in the
SARS-CoV-2 spike proteins [37]. Although computational studies provided interesting insights into
the molecular nature of the binding interactions, a clear consensus and quantitative understanding
of the key determinants of the binding affinity and selectivity has not been reached. Nonetheless,
these investigations suggested that a balance of the conformational dynamics, protein stability effects,
and the relative interaction strength may drive stronger binding of the SARS-CoV-2 RBD with the
human ACE2 receptor. While the structural details of the binding interface have been established,
the quantitative characterization and classification of these energetic contributions and their potential
synergies in determining the binding mechanisms are not fully understood and will be examined in
this study.
In this work, we perform a computational investigation of the SARS-CoV-RBD and
SARS-CoV-2-RBD binding with human ACE2 receptor using modeling of coevolutionary networks,
coarse-grained and all-atom MD simulations, and binding energetics computations based on atomistic
simulations of the unbound and bound protein states. We systematically examine the molecular
determinants of the binding mechanism between SARS-CoV-2 and ACE2 through the lens of coevolution
and conformational dynamics that conspire to drive cooperative binding interactions and signal
transmission. Through simulations and systematic mutational scanning of protein residues, we show
that the binding interactions and affinity of SARS-CoV-2-RBD with ACE2 may be significantly
influenced by cumulative changes from a large number of residues broadly distributed across the
binding interface. The results of this study show that despite structural similarities between spike
proteins, SARS-CoV-2-RBD can act as plastic and versatile modulator of virus entry in which dynamic
interactions with ACE2 can be mediated through a non-trivial interplay of recognition energy hotspots
and broad binding interfaces. Our results provide a robust dynamic mapping of binding interfacial
changes and allosteric interactions that may aid in rationalization of the binding preferences and high
infectivity of SARS-CoV-2.
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2. Results and Discussion
2.1. Sequence Analysis Links Evolutionary Patterns in SARS-CoV Spike Proteins with Shared Conserved
Hotspots at the Binding Interface
To quantify these observations, we performed sequence alignment analysis and highlighted
differences between SARS-CoV and SARS-CoV-2 sequences (Figure 2). ConSurf approach has shown a
robust performance in evolutionary analysis of proteins and the latest version of this method [38,39]
was used in our study. The evolutionary analysis yielded an overall sequence identity of 78%.
The functional domains of the SARS-CoV sequence showed some differences, revealing that the
S1 subunit had ≈66% identity, while S2 fusion domain is considerably more conserved with 92%
identity. The sequence conservation of S1 RBD yielded ≈73% identity, while the RBM region involved
in direct interactions with the ACE2 receptor displayed a more significant variability as similarity
between SARS-CoV and SARS-CoV-2 sequences dropped to ≈50% (Figure 2). This analysis is fully
consistent with previous studies [40–42] suggesting that a significant sequence variability of the
SARS-CoV interacting residues from RBM motif may be accompanied by the corresponding local
conformational changes. Structural studies confirmed these assertions revealing small but important
changes in the RBM residues of SARS-CoV-RBD and SARS-CoV-2-RBD proteins [21–26]. We utilized
two different sequence conservation measures Consurf score [38,39] and KL sequence conservation
score [43–47] to identify regions of high conservation and characterize in some details the extent of
conservation and variability of the binding interface residues (Figure 4). We analyzed the results of
sequence analysis in the context of structural and functional information, particularly to quantify the
conservation patterns of the hotspot residues and uncover evolutionary origins of SARS-CoV-2 binding
selectivity with ACE2. Structural studies established that the core of the SARS CoV spike protein is
formed by a five-stranded antiparallel β sheet (β1 to β4 and β7), with three short connecting α helices
exhibiting significant sequence conservation (Figure 1). The disulfide bonds C323-C348, C366-C419
(in atom numbering of SARS-CoV-RBD, pdb id 2AJF) are formed by fairly conserved cysteine residues
(Figure 4A,B). Interestingly, one of the bridges C467-C474 residues in the binding region and is anchored
by a two-stranded β sheet (β5 and β6) with these cysteine residues showing a moderate variability
(Figure 4A). In particular, we further examined the sequence conservation profile of the RBM region
(residues 424–494) that displayed a significant variability. Notably, the RBM region is tyrosine rich
(Y436, Y438, Y440, Y442, Y454, Y475, Y481, Y484 in SARS-CoV-RBD). While many of these residues
make interactions with ACE2, only two sites Y442 and Y484 are replaced in the SARS-CoV-2-RBD
by L455 and Q498, respectively (Figure 3B,C). The sequence analysis confirmed that the majority of
RBM tyrosine residues are conserved. However, Y442 and Y484 positions yielded positive ConSurf
conservation scores, indicating that these positions are variable and may contribute to the binding
affinity differences between SARS-CoV-RBD and SARS-CoV-2-RBD complexes with ACE2 (Figure 4A).
We specifically highlighted Consurf and KL conservation score values for the RBD residues, including
those positions that differ between SARS-CoV-2 and SARS-CoV proteins (Figure 4A,B). As expected,
the substituted interacting residues in the RBM region displayed an appreciable sequence variability.
Moreover, the binding interface residues that differ between SARS-CoV-2-RBD and SARS-CoV-RBD
form clusters of variable positions (corresponding to high positive Consurf scores and, respectively, low
KL scores). Hence, despite structural similarities of the binding interfaces, the individual modifications
in the multiple variable positions may lead to a number of moderate interaction changes that could
collectively bring about a significant cumulative contribution and contribute to the binding selectivity
of the SARS-CoV-2-RBD protein with ACE2 host receptor.
Int. J. Mol. Sci. 2020, 21, 8268 8 of 31
Figure 4. Sequence conservation profiles of the SARS CoV and ACE2 proteins. (A) The normalized
ConSurf conservation scores for SARS-CoV-RBD spike protein are projected onto the SARS-CoV-RBD
complex with ACE2 (residue numbering as in pdb id 2AJF). The ConSurf profiles are shown in maroon
bars. The negative ConSurf scores correspond to highly conserved sites (with ConSurf score < 0),
and high positive scores (Consurf score > 1.0) depict highly variable positions. Consurf score = 1.0
is defined as a threshold for differentiating moderately and highly variable positions. The binding
interface residues with ACE2 are highlighted in orange filled diamonds. The position of the binding
interface residues that differ between SARS-CoV-RBD and SARS-CoV-2-RBD are shown in smaller
magenta filled circles. (B) The KL conservation score for SARS-CoV-RBD spike protein. High KL
scores indicate highly conserved sites (above threshold of KL=1.0) and low scores correspond to more
variable positions. The annotation of the binding interface residues is as in panel A. (C) The normalized
ConSurf conservation scores for ACE2 residues (residue numbering corresponds to ACE2 structure in
complexes with SARS-CoV (pdb id 2AJF) and SARS-CoV-2 (pdb id 6M0J). The ACE2 binding interface
residues are highlighted in orange filled diamonds. (D) The KL conservation score for ACE2 residues.
The ACE2 binding interface residues are highlighted in orange filled diamonds.
According to our results, sequence analysis using ConSurf and KL evolutionary conservation
metrics yielded a consensus by identifying several binding interface residues as conserved hotspots.
Indeed, both methods pointed to a group of conserved hotspot residues from the RBM region including
K390, V404, Y440, N473, Y475, and Y481 sites in SARS-CoV-RBD (Figure 4A,B, Table 1). The strategically
located Y440, N473, Y475, and Y481 hotspot residues anchor the RBM region and are shared between
SARS-CoV-RBD and SARS-CoV-2-RBD proteins (Table 1). Some of these residues belong to a conserved
segment 472-LNCYWPL-478 in SARS-CoV (486-FNCYFPL-492 in SARS-CoV-2) in which Y475 position
(Y489 in SARS-CoV-2) emerged as a central binding energy hotspot (Figure 4A). It is worth noting
that segment 472–486 forms a loop that is not present in certain S-proteins of coronavirus isolated in
bats [40]. This loop extends the interaction area between SARS-CoV-2-RBD and human ACE2 and can
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contribute to binding interactions. The conserved segment is flanked by F486 in SARS-CoV-2 which is
a conservative replacement of L472 in SARS-CoV and is implicated as an important contributor of
binding affinity [14]. The original structural studies of SARS-CoV spike protein in the complex with
ACE2 suggested that residues L472, N479, and T487 that are immediately adjacent to the conserved
patch could be critical for binding selectivity [14,24–26]. These positions in SARS-CoV-2 correspond
to F486, Q493, and N501 residues involved in critical interactions of SARS-CoV-2-RBD with ACE2
(Figure 3A,D).
Table 1. The evolutionary conserved hotspot residues determined with ConSurf and KL scores.
ConSurf Hotspots Consurf Score KL Hotspots KL Score
K390 −0.390 K390 1.12
V404 −0.367 V404 1.07
G434 −0.505 Y436 1.45
Y440 −0.705 Y440 1.19
N473 −0.467 N473 1.51
Y475 −0.705 Y475 1.63
Y481 473 Y481 0.72
The structure of ACE2 consists of the N-terminus (residues 19–102, 290–397, and 417–430) and
C-terminus subdomain II (residues 103–289, 398–416, and 431–615) that form the opposite sides
of the active site cleft [48–51]. The conservation patterns for ACE2 using both metrics revealed a
cluster of conserved residues in the subdomain I (Figure 4C,D). The ACE2 interaction sites with
SARS-CoV-RBD proteins involve α-helices of ACE2 (residues 20–52, 56–86, 324–331) and β-strand
(residues 341–361). We quantified the interface contacts between SARS-CoV-RBD/SARS-CoV-2RBD
and ACE2 using PRODIGY approach [52,53] that counts the number of interatomic contacts at the
interface of a protein–protein complex within a 5.5 Å distance threshold (Tables S2 and S3). The list
of the intermolecular contacts showed that the total number of contacts made by SARS-CoV-2 RBD
with ACE is only moderately greater than the ones formed by SARS-CoV-RBD (Tables S2 and S3).
Among ACE2 residues involved in the interfacial contacts several interacting residues are relatively
conserved (F28, Y41, Y83, G326, N330), while some other interfacial sites (T27, D30, K31, H34, D38) are
more variable (Figure 4C,D). The hydrophobic ACE2 residues buried in the central segment of the
binding interface tend to be more conserved, where residues F28, L79, Y83 form contacts with Y489,
N487, and F486 of SARS-CoV-2 (Figure 3C,D). Another important conserved ACE2 site corresponds to
Y41 position that together with Y505 in SARS-CoV-2-RBD “sandwich” the recognition hotspot bridges
K353-D38 (Figure 3A). At the same time, some other ACE2 residues at the interface periphery could be
more variable and tolerant to conserved amino acid substitutions. These results are consistent with
deep mutagenesis studies, where a number of ACE2 variants with the increased binding to the RBD
were identified, suggesting that sequence of human ACE2 is only suboptimal for binding of SARS-CoV
spike proteins [28]. This experimental study discovered feasibility of hydrophobic substitutions at
T27 position, potential of D30E modification, and tolerance to aromatic substitutions at K31 position.
Consistent with these revelations, sequence analysis showed that these ACE residues featured positive
Consurf scores for T27, D30, and K31 pointing to their evolutionary variability (Figure 4C,D).
To summarize, the results indicated that several conserved sites could form important recognition
hotspots of the SARS-CoV binding interface with ACE2. We also proposed that binding free energy
differences between SARS-CoV and SARS-CoV-2 RBD may be influenced by cumulative contributions
of large number of variable positions. Although sequence analysis can identify important variable
RBM regions implicated in binding, the extent of sequence variability may not necessarily directly
correlate with the functional importance of respective residues for binding selectivity. In general,
sequence analysis demonstrated that the extensive binding interface between SARS-CoV-RBD and
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ACE2 proteins can involve contributions of both conserved and more variable positions that are broadly
distributed and collectively drive the binding mechanism in which sequence variability and structural
plasticity can be important for rendering binding selectivity of SARS-CoV-2-RBD protein.
2.2. Coevolution and Mutual Information Interdependences of the SARS-CoV-RBD and ACE2 Suggest
Potential Regulator and Transmitter Sites of Binding and Communication
The important complementary information can be gained by considering coevolutionary
dependencies of protein residues in which functional and structural changes are often accompanied by
compensatory mutations at the protein–protein interfaces to modulate activity. Coevolving residues
can mediate protein recognition in multiprotein complexes and are often spatially close to each other,
forming clusters of interacting residues that are located near functionally important sites [54–57].
The coevolving residues may be also clustered in mobile regions surrounding structurally stable
functional sites and form interaction networks of evolutionarily coupled residues that facilitate protein
conformational changes [58]. Using coevolutionary residue matrices determined by the shared
mutual information, we constructed the network of coevolutionary couplings in the SARS-CoV-RBD
complexes in which the nodes represented protein residues and links corresponded to coevolutionary
dependencies (or extent of shared mutual information) between these residues [59]. For each
residue, we computed cumulative mutual information (cMI) parameter, that evaluates the shared
mutual information between a given residue and other protein residues, and proximity-based mutual
information parameter (pMI) approximating the amount of mutual information shared by a given
residue with the structurally close neighboring nodes [43,44]. Using this approach, we characterized
mutual information interdependencies between functionally important regulatory sites and identified
clusters of residues involved in coevolutionary couplings. The computed sequence-based cMI and
structure-based pMI parameters (Figure 5) provided several important insights that expanded our
understanding of evolutionary traits at the binding interface regions. According to our results, the high
pMI interfacial residues are largely conserved and are aligned with the central segment of the interface
for SARS-CoV-RBD (Y436, Y440, Y475, W476, Y481, Y484) and SARS-CoV-2-RBD (Y449, Y451, Y489,
F490, Y495, Q498) (Figure 5A,C). It is also evident that high pMI sites are enriched by conserved
tyrosine residues located at the intermolecular interface. Owing to their conservation, these high
pMI positions are located at the epicenter of coevolutionary couplings and are characterized by local
structural environment that is enriched by coevolving residues (Figure 5A,B). According to our previous
studies [59–61] high pMI positions are often aligned with the structurally stable regulatory centers that
dictate which channels of signal transmission are activated in coevolutionary networks. The results of
the current analysis suggested that these conserved interface residues may be required for recognition
during virus entry into the host receptor and structural stabilization of the binding interface around
these key anchor points. Structural positions of these sites in the central segment of the binding
interface may provide the necessary “stabilization anchors” that hold SARS-CoV-RBD and SARS-CoV-2
RBD proteins in the recognition mode. We observed that a number of more variable binding residues
in the vicinity of the “anchor” sites displayed high cMI values, indicating that the interfacial regions
structurally proximal to more conserved central residues may leverage coevolutionary dependencies
to facilitate binding with ACE2 (Figure 5C). Many residues from the recognition loop of the RBM
(residues 470–491 in SARS-CoV-2) featured high cMI values (Figure 5B, Table 2) showing that this
flexible region is enriched by sites sharing mutual information and therefore may be critical for signal
transmission and binding. Among high cMI residues in the SARS-CoV-RBD are L472, N479, and T487
(F486, Q493, and N501, respectively, in SARS-CoV-2-RBD) (Figure 5C, Table 2). These RBM residues
showed appreciable sequence variability and were also aligned with the cMI peaks, (Figure 5C, Table 2).
Furthermore, these coevolving RBM residues form a network of interactions with Y41, K353, E37, D38,
E35, and K31 residues that also displayed high cMI values in ACE2 (Figure 5D).
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Figure 5. Coevolutionary profiles of the SARS CoV and ACE2 proteins. (A) The structure-based pMI
profile for SARS-CoV-RBD spike protein is projected onto the SARS-CoV-RBD complex with ACE2
(residue numbering as in pdb id 2AJF). The binding interface residues that make contacts with ACE2 are
highlighted in orange filled diamonds. The position of the binding interface residues that differ between
SARS-CoV-RBD and SARS-CoV-2-RBD are shown in smaller magenta filled circles. (B) The pMI profile
for ACE2 residues (pdb id 2AJF). The annotation of the binding interface residues is as in panel A. (C)
The sequence-based cMI profile for SARS-CoV-RBD is projected onto the SARS-CoV-RBD complex with
ACE2 (pdb id 2AJF). (D) The cMI profile for ACE2 residues (residue numbering corresponds to ACE2
structure in the complex with SARS-CoV (pdb id 2AJF). The annotation of the binding interface residues
is as in panel A. The horizontal lines on the graphs are materialized in cyan to indicate thresholds used
to differentiate moderate and high values of pMI and cMI scores.
Table 2. The pMI and cMI hotspot residues for SARS-CoV-RBD and SARS-CoV-2 RBD proteins.
SARS-CoV pMI
Hotspot Sites
SARS-CoV-2 pMI
Hotspot Sites
SARS-CoV cMI
Hotspot Sites
SARS-CoV-2 cMI
Hotspot Sites
Y436 Y449 L472 F486
Y440 Y451 N479 Q493
Y475 Y489 T487 N501
W476 F490 T433 G446
Y481 Y495 T468 N481
Y484 Q498 P470 E484
N473 N487 Y484 Q498
Our findings support the assertion that these clusters of coevolving mobile residues are important
for binding and could be implicated in the transmission of virus signals. By mapping residues featuring
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high pMI and cMI values, we observed that structurally stable and conserved residues Y475, W476,
L478 in SARS-CoV (Y489, F490, and L492 in SARS-CoV-2) are located in the middle of the binding
interface and could form a cluster of high pMI sites (Figure 6). The proximity-based coevolutionary
signature of these sites occupying strategic interface positions may be associated with their functional
role as regulators of signaling between interacting proteins in the coevolutionary network.
Figure 6. Structural mapping of the SARS-CoV-RBD and ACE2 residues with high pMI and cMI values.
(A) A general overview of the SARS-CoV-RBD complex with ACE2. The high pMI residues serving
as regulators of coevolutionary network are shown in pink spheres. The highly coevolving residues
with high cMI values are shown in red sticks. Note a consolidation of regulatory high pMI sites in the
central segment of the binding interface and clusters of highly coevolving residues near the flexible
loop regions of the binding interface. (B) A close-up of the binding interface between SARS-CoV-RBD
and ACE2. The high pMI residues (pink spheres) and high cMI residues (red sticks) are shown and
annotated for the key positions that control coevolutionary couplings in the complex.
This specific signature of functional sites could make them indispensable for the integrity of
coevolutionary interaction networks, which may cause even minor mutations at these positions to
be highly detrimental. We argue that mutations in these conserved tyrosine positions may interfere
with both the stability and recognition of the virus protein and drastically change binding for both
SARS-CoV spike proteins. We observed that highly coevolving residues in SARS-CoV-RBD tend to
occupy the mobile loops of the binding interface and may be involved in the conformational and
interaction rearrangements during binding with ACE2 (Figure 6). These residues are only moderately
conserved and could act as flexible carriers of allosteric signals between interacting proteins. Structural
mapping highlighted a dense cluster of RBD residues from the mobile interacting loop that is enriched
by coevolving residues in SARS-CoV-2-RBD (Figure 6). A cluster of highly coevolving centers can
be also seen in the β-hairpin region of ACE2 (residues 348–360) as residues R357, D355, and K353
feature high cMI values and may be involved in the transmission of the binding signal. Based on our
observations, this cluster of highly coevolving interacting residues in the β-hairpin region of ACE2 may
be involved in propagation of functional signals across the binding interface and serve as a mediating
cluster for virus transmission. In this model, the flexibility of highly coevolving residues sharing a
significant degree of mutual information may allow for compensatory mutations in the interfacial
regions to secure structural features that control allosteric signaling between interacting proteins in the
complex. We argue that the observed interplay of evolutionary and coevolutionary signatures for the
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binding interface residues may contribute to their distinct functions as regulators and transmitters of
allosteric signaling and govern binding selectivity of the SARS-CoV-2 protein.
2.3. Conformational Dynamics of the SARS-CoV and SARS-CoV-2 RBD Proteins: A Comparative Analysis of
ACE2-Induced Protein Mobility and Dynamics-Driven Allostery
To explore conformational landscapes of the SARS-CoV interactions with human ACE2 in sufficient
details, we performed both atomistic MD simulations (Figure 7) and coarse-grained (CG) simulations
(Figure 8) of the SARS-CoV and SARS-CoV-2 structures in their unbound and bound forms. All-atom
MD simulations of the SARS-CoV structures in different functional states can provide a rigorous
quantitative assessment of atomistic fluctuations and interaction details. However, these simulations
can become time-consuming when performed for multiple SARS-CoV structures and complexes
under various simulation conditions and environments. To complement all-atom MD simulations and
compare quantitative and qualitative insights gained from molecular simulations, we also performed
multiple CG simulations of the SARS-CoV and SARS-CoV-2 structures and their complexes with ACE2
(Figure 8). Among objectives of this analysis was to analyze the extent to which CG simulations
can capture and reproduce both quantitative and qualitative patterns in the atomistic dynamics and
therefore represent a powerful complementary alternative for molecular studies of the SARS-CoV-2
binding and interactions.
Using these simulation approaches applied to the structures of SARS-CoV and SARS-CoV-2 RBD
proteins in the unbound and ACE2-bound forms, we performed a detailed comparative analysis of
the conformational dynamics profiles and examined salient features of the dynamic conformational
landscapes. In MD simulations of the SARS-CoV-RBD with ACE2, the structure of the complex
fluctuated within fairly narrow RMSD values until it reached a plateau after about 300 ns and continued
to maintain this equilibrium through the remaining simulation time (Figure S1A). The structural
integrity and thermal stability of the SARS-CoV-2-RBD complex with ACE2 during MD simulations was
retained with RMSD < 4.5 Å from the starting crystal structure (Figure S1B). The simulations reached
the first plateau with RMSD ≈3.5 Å after ≈300 ns followed by the increased fluctuations at ≈600 ns and
subsequent thermal stabilization with RMSD ≈4.5 Å from the crystal structure (Figure S1B). Atomistic
simulations revealed a dynamic nature of the SARS-CoV/SARS-CoV-2 structures that maintained
a considerable degree of residual mobility (Figure 7). CG simulations displayed generally more
stable profiles of the SARS spike protein and ACE2 in their unbound forms, pointing to the increased
stabilization of the binding interface residues in the complexes (Figure 8). The conserved core of
SARS-CoV-RBD consists of five antiparallel β strands (β1 to β4 and β7), with three connecting α-helices
(Figure 1). Atomistic MD simulations showed that these regions (residues 341–344, 364–367, 383–390,
493–500, 394–403, 431–438 in SARS-CoV-RBD) are stable and structurally virtually indistinguishable
between the SARS-CoV and SARS-CoV-2 proteins (Figure 7A,B).
Nonetheless, both all-atom simulations and CG simulations (Figure 8A,B) revealed some moderate
thermal motions in the core of SARS-CoV-RBD and displayed greater structural rigidity for core regions
in the SARS-CoV-2-RBD complex with ACE2. The antiparallel β-sheets (β5 and β6) (residues 439–441
and 478–481 in SARS-CoV-RBD and residues 451–454 and 492–495 in SARS-CoV-2-RBD) that anchor
the RBM region to the central core showed a particularly significant stabilization, that was especially
noticeable in all-atom MD simulations (Figure 7A,B). By anchoring the RBM region, these strands
ensure proper complementarity of the concave surface with the ACE2 enzyme. The thermal stability
of these regions is preserved in both the unbound spike forms and complexes with ACE2 enzyme,
suggesting that the structural integrity of these antiparallel β-sheets is a prerequisite for establishing
functional interfaces with host receptor. All-atom MD simulations also indicated that stability of the
protein core in the unbound and bound forms of SARS spike proteins can be comparable. Moreover,
smaller fluctuations were seen for the unbound structure in the loop regions that surround the protein
core and are not involved in ACE2 interactions (residues 345–382 in SARS-CoV) (Figure 7A,B).
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Figure 7. All-atom conformational dynamics of the unbound and bound SARS-CoV structures. The root
mean square fluctuations (RMSF) profiles are obtained from all-atom MD simulations of the crystal
structures. (A) Conformational dynamics profiles of the unbound SARS-CoV (pdb id 2GHV) (in orange
lines) and SARS-CoV-RBD in the complex with ACE2 (pdb id 2AJF) (in maroon lines). The positions of
the SARS binding interface residues are highlighted in magenta filled circles. (B) The RMSF dynamics
profiles of the unbound SARS-CoV-2 (in orange lines) and SARS-CoV-2 RBD in the complex with ACE2
(pdb id 6M0J) (in maroon lines). The positions of the SARS binding interface residues are highlighted
in magenta filled circles. (C) The RMSF dynamics profiles of the unbound ACE2 (pdb id 1R42) (in
orange lines) and in the complexes with SARS-CoV-RBD (in maroon lines). The ACE2 binding interface
residues are shown in magenta filled circles. (D) The RMSF dynamics profiles of the unbound ACE2
(pdb id 1R42) (in orange lines) and in the complexes with SARS-CoV-2 RBD (in maroon lines). The ACE2
binding interface residues are shown in magenta filled circles. The horizontal lines on all graph panels
are materialized in cyan to indicate thresholds used to differentiate small and higher thermal motions.
The CG simulation profiles showed that the protein core of five antiparallel β strands (β1 to β4 and
β7) can be comparable and even more stable in the unbound SARS-CoV form while the RBM region
(residues 423–494 in SARS-CoV and residues 435–506 in SARS-CoV-2) is more flexible (Figure 8A,B).
Both atomistic and CG simulations indicated that this region is flexible in the unbound forms of SARS
spike proteins, but undergoes stabilization in the ACE2-bound complexes. However, the pattern
of the increased stabilization in the RBM region is more revealing in all-atom MD simulations that
unambiguously pointed to the greater rigidity of this region in the SARS-CoV-2 RBD complex with
ACE2 (Figure 7A,B). Atomistic simulations also revealed important subtle differences in the mobility
of RBM residues that are not immediately apparent from CG simulations, indicating that atomistic
resolution of thermal fluctuations and interaction contacts may be critical for quantitative understanding
of the dynamic differences between structurally similar SARS-CoV-RBD and SARS-CoV-2 RBD proteins.
In the SARS-CoV complex with ACE2, several regions from the RBM (residues 425–440, 480–494)
displayed fluctuations that were similar in the unbound and bound protein forms, indicating that
the interactions in this region with ACE2 are moderate and could tolerate fluctuations in this region
Int. J. Mol. Sci. 2020, 21, 8268 15 of 31
(Figure 7A). In the complex, binding contacts may only partly reduce flexibility of SARS-CoV at
the interfacial loop 455–476 that still retains a considerable degree of residual mobility (Figure 7A).
Interestingly, the conformation of this segment in the SARS-CoV complex is identical to the one
adopted in the unbound SARS-CoV form. Hence, the RBM regions in the SARS-CoV complex with
ACE2 may be characterized by only a partial reduction of mobility at the binding interface (Figure 7A).
The RBM loops in SARS-CoV-RBD (residues 461–471, 474–476, and 480–491) experienced appreciable
fluctuations in the complex with ACE2, particularly loop 480–491 displaying higher fluctuation with
respect to the rest of the RBD structure. These RBM regions in the SARS-CoV-2 RBD protein (residues
474–485, 488–490, and 494–505) featured noticeably smaller fluctuations, especially for the ridge loop
494–505 that becomes largely immobilized upon gaining productive stabilizing contacts with the host
receptor ACE2 (Figure 7B). A generally similar trend could be also inferred from CG simulations where
the RBM interface residues in the SARS-CoV-RBD experienced thermal fluctuations above the rigidity
threshold of 1.0 Å (Figure 8A) while the corresponding positions in the SARS-CoV-2-RBD complex
become immobilized with RMSF fluctuations of 0.7–0.8 Å (Figure 8B).
Figure 8. CG conformational dynamics of the unbound and bound SARS-CoV structures. The RMSF
profiles are obtained from CG simulations of the crystal structures. (A) Conformational dynamics
profiles of the unbound SARS-CoV (pdb id 2GHV) (in orange lines) and SARS-CoV-RBD in the complex
with ACE2 (pdb id 2AJF) (in maroon lines). The positions of the SARS binding interface residues are
highlighted in magenta filled circles. (B) The RMSF dynamics profiles of the unbound SARS-CoV-2
(in orange lines) and SARS-CoV-2 RBD in the complex with ACE2 (pdb id 6M0J) (in maroon lines).
The positions of the SARS binding interface residues are highlighted in magenta filled circles. (C) The
RMSF dynamics profiles of the unbound ACE2 (pdb id 1R42) (in orange lines) and in the complexes
with SARS-CoV-RBD (in maroon lines). The ACE2 binding interface residues are shown in magenta
filled circles. (D) The RMSF dynamics profiles of the unbound ACE2 (pdb id 1R42) (in orange lines)
and in the complexes with SARS-CoV-2 RBD (in maroon lines). The ACE2 binding interface residues
are shown in magenta filled circles. The horizontal lines on all graph panels are materialized in cyan to
indicate thresholds used to differentiate small and higher thermal motions.
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Importantly, both coarse-grained and atomistic simulations consistently revealed a stronger
stabilization of the RBM residues for SARS-CoV-2 spike protein in the complex with ACE2 (Figures 7B
and 8B). In this case, the interfacial loop segments (residues 436–455 containing an important motif
444-KVGGNYNY-451 and residues 470–506 that feature the interacting motif 495-YGFQPTNG-502 in
SARS-CoV-2-RBD) displayed significantly reduced fluctuations as compared to SARS-CoV Spike RBD
(Figure 7B). As a result of the host receptor-induced stabilization, a significant number of SARS-CoV-2
residues across the entire interface (G446, Y449, F486, Y489, G496, Q498, T500, N501, and G502)
become rigidified and are positioned to make strong specific interactions with ACE2. In addition,
a portion of the interfacial loop (residues 473–487) that is mobile in the unbound form undergoes a
significant stabilization and adopts a different conformation in the SARS-CoV-2-RBD as compared to
the SARS-CoV-RBD complex (Figure 9). These changes position SARS-CoV-2 residues Y473, A475,
G476 to establish contacts with ACE2. Moreover, SARS-CoV-2 residues Y489 and F486 pack against
F28, L79, M82, and Y83 on ACE2 to form a critical patch of hydrophobic interactions at the interface
(Figure 3D). Importantly, not only these residues showed markedly reduced fluctuations, but the large
interfacial stretch of residues across entire binding interface (residues 486-FNCYFPLQSYGFQ-498)
including key Q493 and Q498 interacting sites exhibited a stronger stabilization as compared to
their respective counterparts in SARS-CoV (Figure 7A,B). Indeed, the corresponding residue stretch
472-LNCYWPLNDYGFY-484 in the SARS-CoV displayed a greater mobility and is marked by numerous
amino acid changes between SARS-CoV-2 and SARS-CoV (F486 vs. L472, F490 vs. W476, Q493 vs.
N479, S494 vs. D480, Q498 vs. Y484, respectively). Hence, atomistic simulations established that
significant structural similarity between SARS-CoV and SARS-CoV-2 bound complexes with ACE2
may be accompanied by subtle and yet noticeable dynamic changes that may be important for driving
binding selectivity preferences of SARS-CoV-2 RBD protein. Hence, atomistic and CG simulations
indicated that the RBM residues in the SARS-CoV-2 RBD protein undergo a more significant structural
stabilization upon ACE2 binding as evident by marked differences in the fluctuations of the unbound
and bound spike protein. In some contrast, the corresponding dynamic changes between the unbound
and bound forms of the SARS-CoV-RBD are markedly smaller, suggesting that a considerable degree
of protein mobility can be retained in the complex, including some variability at the binding interface.
Conformational dynamics profiles of ACE2 residues were very similar in the unbound and bound
forms as evident from both atomistic simulations (Figure 7C,D) and CG simulations (Figure 8C,D).
The protein core residues displayed significant stability and only small changes were observed for
the binding interface residues in ACE2. These segments of ACE2 were stable in both unbound and
bound forms (Figure 7C,D). The two ridges of the RBM interact with the ACE2 receptor by contacting
the inter-helical loops on one side and a unique β-hairpin (residues 348–360) on the other side of the
interface. The small portion of the β-hairpin turn containing hotspot residue K353 may be relatively
flexible in the unbound ACE2 form when structural restraints from viruses are absent. Among
important observations revealed by both atomistic and CG simulations is a noticeable redistribution of
conformational dynamics in the SARS-CoV and SARS-CoV-2 structures upon complex formation with
ACE2. The exchange of conformational mobility is manifested by stabilization of the ACE-2 bound RBM
regions and the increase of thermal motions in the rest of the protein. Moreover, such redistribution
of thermal fluctuations is more pronounced in SARS-CoV-2-RBD that is coupled with a stronger
stabilization of the entire binding interface. These findings imply that binding of SARS-CoV-2 spike
with the host receptor may exhibit signs of a dynamically driven allosteric mechanism which is typically
exemplified by the lack of structural changes between the unbound and bound forms, coupled with an
exchange of conformational mobility between local protein regions [62–65]. This hypothesis requires
more extensive work and detailed analysis of the collective dynamics and binding-induced changes in
the organization and modularity of dynamic interaction networks for the unbound SARS-CoV-RBD
and ACE proteins and complexes. This extends beyond the scope of the present study and will be
presented elsewhere. In this context, our most recent study of the SARS-CoV-2 spike trimers using
perturbation analysis and network modeling presented evidence that the SARS-CoV-2 spike protein
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can function as an allosteric regulatory engine that fluctuates between dynamically distinct functional
states [37].
Figure 9. Structural mapping of the conformational mobility profiles in the SARS-CoV unbound
structure and SARS-CoV-RBD/SARS-CoV-2 RBD complexes with ACE2 obtained from all-atom MD
simulations. (A) Conformational dynamics profiles mapped on the unbound form of SARS-CoV-RBD
(pdb id 2GHV). A ribbon-based protein representation is used with coloring (blue-to-red) according to
the protein residue motilities (from more rigid-blue regions to more flexible-red regions). (B) Structural
map of the conformational mobility profile of SARS-CoV-RBD in the complex with ACE2. The more
stable regions are shown in blue and more flexible are in green-to-red coloring scale. (C) Structural
map of dynamics profile of SARS-CoV-2-RBD in the complex with ACE2. The more stable regions are
shown in blue and more flexible are in green-to-red coloring scale. For each panel, the position of the
RBM region and the interfacial loop, which is an element of the RBM, are indicated with respective
arrows. Note the redistribution of conformational mobility between the unbound and bound forms for
SARS-CoV and SARS-CoV-2.
To determine dynamic patterns of the key binding interface contacts, we monitored the interfacial
residue contact stability during all-atom MD simulations by computing the productive contact time
throughout the MD trajectory of the SARS-CoV-RBD complex with ACE2 (Table S4) and SARS-CoV-2
RBD complex (Table S5). This analysis revealed the larger number of persistent stabilizing contacts
in the SARS-CoV-2 RBD complex with ACE2, where most of the interfacial interactions remained
stable throughout the entire simulation period (Table S5). In some contrast, some interfacial contacts in
the SARS-CoV-RBD complex could form, break, and then reestablish during the simulation period
(Table S4). Of particular interest is dynamics of contacts for binding hotspots that involve K31 and
K353 residues of ACE2. In the ACE2 enzyme, K31 forms the intramolecular salt bridge with E35
while K353 forms a salt bridge with D38. These intramolecular bridges are preserved in the complex
with SARS-CoV-RBD. In the SARS-CoV complex with ACE2, K31 hotspot in ACE2 maintains stable
interactions with Y442 and Y475 of SARS-CoV-RBD (Table S4). Strikingly, the corresponding positions
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in the SARS-CoV-2 RBD (L455 and Y489, respectively) are unable to establish persistent stable contacts
with K31 even though simulations registered a close structural overlap for corresponding sites in the
SARS-CoV-2 and SARS-CoV-RBD. The loss of the intramolecular salt bridge K31-E35 broken in the
structure of the SARS-CoV-2 complex with ACE2 is counterbalanced by new contacts made by E484,
Q493, F456, and F490. Several of these contacts are more persistent in their duration (E484-K31 and
Q493-K31), while interaction contacts with hydrophobic residues F456 and F490 are more dynamic
(Table S4). Indeed, the interaction between Q493 of SARS-CoV-2 and K31 hotspot of ACE2 was
reported in the experimental studies [15]. These results are consistent with recent MD simulations of
the SARS-CoV-RBD complexes [66].
We also report the residue solvent-accessible surface (SASA) in the SARS-CoV-RBD and
SARS-CoV-2 RBD complexes that were obtained by averaging the SASA computations over the
length of MD simulation trajectories (Figure S2). This analysis helped to evaluate the average
buriedness of the interfacial residues in the course of simulations. Among deeply buried residues with
small SASA in the SARS-CoV complex are binding interface positions Y440, Y442, L443, F460, Y481,
Y484 residues (Figure S2A). At the same time, a number of residues in this region can be partially
exposed. Consistent with dynamics profiles, the antiparallel β-sheets β5 and β6 (residues 439–441 and
478–481) in the central segment of the interface showed relatively small SASA ≈15–20 Å2, although
K439 and R441 featured larger SASA values of 69.7 and 61.9 Å2, respectively (Figure S2A). In the central
region of the interface residues V404, Y442, F460 are deeply buried, while several other positions
(W476 and N479) showed appreciable solvent accessibility. These antiparallel β-sheet regions in the
SARS-CoV-2 (residues 451–454 and 492–495) are well buried at the interface with SASA values≈5–10 Å2
(Figure S2C). The RBM residues in the central segment (K417, L456, F456, Y473, F490, and Q493) showed
markedly smaller SASA values than their counterparts in SARS-CoV, particularly for F456 and Q493
that are completely buried (Figure S2A,C). These observations reinforced conformational dynamics
analysis, suggesting that the entire binding interface is considerably more rigidified in the SARS-CoV-2
complex owing to structural restrictions to maintain multiple favorable contacts with ACE2. Of
particular notice is a comparison of residues L472, N479, and T487 (SARS-CoV) with corresponding
positions F486, Q493, and N501 residues in SARS-CoV-2 that showed dynamic differences and are
implicated in critical interactions that determine binding preferences of the SARS-CoV-2 complex.
In the SARS-CoV complex, N479 residue is fairly exposed with large SASA value of 90.6 Å2, whereas
the respective site Q493 in SARS-CoV-2 is completely buried with SASA of 0.5 Å2. Other residues in
this region have similar SASA values, being either completely buried (T487→N501) or showing an
appreciable and similar solvent accessibility of ≈70 Å2 and dynamic mobility (L472→ F486). Although
this analysis indicated the importance of N479→ Q493 modification and a unique role of Q493 as a
strong driver of binding selectivity, we also noticed a broad range of dynamic and solvent exposure
variations among RBM residues. These results provided an additional support to our hypothesis
that binding affinity of SARS-CoV-2 with ACE2 may arise from a cumulative contribution of many
interfacial residues with different dynamic and solvent exposure profiles.
In summary, the central finding of the conformational dynamics analysis is the evidence of a
much broader and consistent stabilization across the entire RBM interface for the SARS-CoV-2-RBD
protein. According to these results, subtle but important differences in mobility of the binding interfaces
for SARS-CoV-2 may not be confined to several spatially localized binding hotspots, but instead
appeared to be more broadly distributed across many RBM residues. This may be contrasted with
SARS-CoV-RBD dynamics patterns in which ACE2 binding may induce thermal stability and strong
interaction contacts in the specific hotspots, while other interface patches could retain considerable
mobility and exhibit weaker intermolecular contacts. Based on these observations, we suggested that
the stronger binding affinity and the associated virus transmission may arise from cumulative dynamic
and energetic changes of many SARS-CoV-2 residues at the binding interface with ACE2 enzyme.
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2.4. Mutational Scanning and Energetic Analysis of the Binding Interfaces: A Cooperative Effect of Multiple
Residues Drives SARS-CoV-2 Binding with Host Receptor
Based on the detailed analysis of the conformational dynamics, we conjectured that the energetic
characterization of the binding interface residues using ensemble-averaged estimates could better
quantify binding differences between SARS-CoV-RBD and SARS-CoV-2 RBD. We employed the
equilibrium ensembles generated from all-atom MD simulations of the SARS-CoV and SARS-CoV-2
complexes with ACE2 to perform a systematic alanine scanning of the protein residues in the complexes
(Figure 10). In particular, we examined the binding free energy changes of the interface residues to
determine the hotspot residues and identify differences in the binding interactions between SARS-CoV
and SARS-CoV-2 spike proteins. Sequence conservation analysis and conformational dynamics pointed
to potentially critical residues at the binding interface that are different between SARS-CoV and
SARS-CoV-2 (Figure 3, Table S1). Strikingly, these residues are stretched across the entire interface
and include the following important modifications between SARS-CoV and SARS-CoV-2 at the N
terminus (R426→ N439, Y484→ Q498, T487→ N501), in the central bridge of the interface (V404
→ K417, Y442→ L455, L443→ F456, F460→ Y473, W476→ F490, and N479→ Q493), and in the
C terminus (L472 → F486) (Figure 2). While previous studies have highlighted the importance of
these positions, the mechanistic role and relative contributions of these residues to protein stability
and binding selectivity remain debatable and require further investigation. Additionally, there are
several strategically located conserved positions in the middle of the binding interface of SARS-CoV
and SARS-CoV-2 (Y440→ Y453 and Y475→ Y489) and N-terminus segment (Y491→ Y505) that are
likely to contribute to both protein stabilization and binding affinity of spike proteins.
To aid in a comparative analysis of the binding free energy changes, we performed alanine
scanning using dynamic ensembles of multiple SARS-CoV-2 structures bound with ACE2 (Figure 10),
including the crystal structure of SARS-CoV-2 spike RBD bound with ACE2 (pdb id 6M0J) [24],
the crystal structure of SARS-CoV-2 chimeric RBD bound with human ACE2 (pdb id 6VW1) [25],
and the structure of ACE2 with B0AT1 and RBD of SARS-CoV-2 (pdb id 6M17) [26]. First, we found
that the strongest binding energy hotspots are conserved between SARS-CoV and SARS-CoV-2
proteins and are located in the central segment of the interface (Y440 → Y453 and Y475 → Y489)
and N-terminus segment (Y491→ Y505) (Figure 10). These residues are virtually superimposable
in the crystal structures and form a very similar number of favorable hydrophobic contacts with
ACE2 (Figure 3A,C). Indeed, a large and comparable loss of the binding energy was found for these
residues in both SARS-CoV and SARS-CoV-2 (2.82/2.85 kcal/mol for Y475A/Y489A; 1.31/1.91 kcal/mol
for Y440A/Y453A; 1.78/1.78 kcal/mol for Y491A/Y505A, respectively) (Figure 10A,B). Importantly, these
conserved binding energy hotspots also correspond to the regulatory sites in coevolutionary residue
networks that may control signal propagation across binding interfaces. Other important binding
residues in the SARS-CoV RBD showing a significant energy loss upon alanine modifications included
Y442, N473, and Y484 positions (Figure 10A). In these positions, Y442A change of 2.15 kcal/mol can
be compared with a smaller loss for L455A of 1.62 kcal/mol, while L472A with 0.9 kcal/mol change
can be contrasted to a larger loss for F486A of 1.68 kcal/mol (Figure 10A,B). Interestingly, in several
other important positions, binding free energy losses caused by alanine mutation can decrease in
going from the SARS-CoV-RBD to SARS-CoV-2 RBD. For instance, the energy change upon N473A
mutation of 1.6 kcal/mol can be opposed to the N487A loss of 1.13 kcal/mol, and Y484A mutational
change of 1.99 kcal/mol can be compared to Q498A energy loss of 1.75 kcal/mol (Figure 10A,B).
The computed binding energy changes for the SARS-CoV-2 RBD structures consistently predicted
residues Q493 and N501 as the strongest energetic hotspots (Figure 10B–D). The important difference
in the binding energies resulted from amino acid modification of N479 in SARS-CoV to Q493 in
SARS-CoV-2. The binding free energy loss of 2.52 kcal/mol for Q493A mutation can be contrasted to a
much smaller change of 0.82 kcal/mol for N479A (Figure 10A,B). The error bars for the binding free
energy changes were relatively small (≈0.05–0.15 kcal/mol). Another key difference may arise from
T487→N501 substitution, where the binding energy loss of 2.48 kcal/mol for N501A is markedly larger
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than the change of 1.32 kcal/mol for T487A mutation in SARS-CoV (Figure 10A,B). More importantly,
the binding energy hotspots of SARS-CoV-2 can be better supported by structurally proximal residues
that collectively contribute to the broader binding interface as compared to SARS-CoV-RBD. The key
hotspot Q493 in the central segment of the interface is supported by residues K417, Y453, L455, and F456
that contribute significantly to the binding energy of SARS-CoV-2 (Figure 10B–D). Another notable
difference is between F456 in SARS-CoV-2 and corresponding L443 in SARS-CoV. The binding energy
difference of 2.18 kcal/mol for F456A may be contrasted to only 1.06 kcal/mol for L443A mutation in
SARS-CoV. The more favorable interactions could be also seen for the residue stretch 501-NGVGY-505
surrounding N501 hotspot in SARS-CoV-2 as compared to corresponding region 487-TGIGY-491
in SARS-CoV (Figure 10A,B). The important conclusion of our analysis is that the binding energy
contributions appear to be distributed more broadly and densely across the SARS-CoV-2 RBD binding
interface. In some contrast, the binding energy of the SARS-CoV RBD may be determined by several
sparsely localized patches of the interface residues.
Figure 10. Alanine scanning of the key binding interface residues in the SARS-CoV and SARS-CoV-2
complexes with ACE2. (A) The binding free energy changes upon alanine mutations for the interface
residues in the SARS-CoV-RBD complex with ACE2 (pdb id 2AJF). The binding energy changes for the
ACE residues are shown in orange bars and for the SARS-CoV-RBD interacting residues in maroon bars.
The computed values were obtained using BeAtMuSiC approach and were averaged over equilibrium
samples from MD simulation. (B) The binding free energy changes upon alanine mutations for the interface
residues in the SARS-CoV-2 RBD complex with ACE2 (pdb id 6M0J). The binding energy changes for the
ACE residues are shown in orange bars and for the SARS-CoV-2 RBD interacting residues in maroon bars.
(C) The binding free energy changes upon alanine mutations for the interface residues in the engineered
chimera SARS-CoV-2 RBD bound with ACE2 (pdb id 6VW1). The binding energy changes for the ACE
residues are shown in orange bars and for the SARS-CoV-2 RBD interacting residues in maroon bars.
(D) The binding free energy changes upon alanine mutations for the interface residues in the SARS-CoV-2
RBD complex with ACE2 obtained from the cryo–electron microscopy structure of the full-length human
ACE2 with SARS-CoV-2 RBD in the presence of the neutral amino acid transporter B0AT1 (pdb id 6M17).
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The binding energy changes for the ACE residues are shown in orange bars and for the SARS-CoV-2
RBD interacting residues in maroon bars. The binding free energy changes for each complex are based
on the average binding energy estimates over MD trajectories. The error bars for the binding free
energy changes were in a small range of 0.05–0.15 kcal/mol. The horizontal lines on the graphs are
materialized in cyan to indicate a threshold of 1.5 kcal/mol used to differentiate moderate and large free
energy changes and identify key binding energy hotspots.
Our results also provided some useful insights to the binding mechanism based on rearrangements
of two virus-binding hotspots defined by a salt bridge between K31 and E35 and a salt bridge between
K353 and D38 in the SARS-CoV-RBD (Figure 11A,B). According to the performed energetic analysis,
the network of SARS-CoV-2 RBM interactions formed by the middle segment of the interface (K417,
Y453, L455, F456, and Q493) with K31 and E35 is vastly different and considerably stronger than
the corresponding interactions made in the SARS-CoV complex (Figure 10). The loss of salt bridge
K31-E35 broken in the SARS-CoV-2 RBM complex is counterbalanced not only by the hydrogen
bonding interactions with Q493 but is also reinforced through an extensive contact network with
other RBM residues (Figure 11C,D). The energetic analysis revealed that the binding energy hotspots
on ACE2 corresponded to residues T27, F28, K31, H34, Y41, and Y83 displaying consistently larger
mutation-induced free energy changes in the SARS-CoV-2 RBM complex (Figure 10B–D). Hence,
the virus-binding hotspot on ACE2 formed by K31, H34, and E35 may be an important driving force
of binding selectivity for SARS-CoV-2 RBD (Figure 11C,D). Another hotspot on ACE2 is K353-D38
salt bridge that is surrounded by hydrophobic walls formed by Y41 and D37 residues [67]. This
hotspot is supported by T487 and Y491 in SARS-CoV-RBD (Figure 11A,B) and by N501 and Y505 in
SARS-CoV-2-RBD (Figure 11C,D). Although this hotspot is important for recognition of spike protein,
the binding energy contributions of the corresponding residues in the SARS-CoV-RBD (Figure 10A)
and SARS-CoV-2 RBD (Figure 10B–D) are relatively moderate and similar, suggesting that this hotspot
may be less critical for driving binding selectivity of SARS-CoV-2-RBD.
We also conducted a systematic alanine scanning of the RBD spike protein residues in which
FoldX energy function was used to estimate protein stability changes in all studied complexes (Figure
S3). As expected, the protein stability scanning profiles were generally similar for SARS-CoV (Figure
S3A) and SARS-CoV-2 residues (Figure S3B–D). However, the results also indicated the greater stability
of the binding interface residues from RBM, displaying larger individual peaks and also showing
stronger stability of the interfacial residues surrounding the key hotspots (Figure S3B). Collectively, our
results pointed to several interesting trends: (a) the strongest binding energy hotspots are conserved
between SARS-CoV and SARS-CoV-2 proteins (Y440→ Y453, Y475→ Y489 and Y491→ Y505); (b) the
largest energetic differences may be attributed to the key energy hotpot residues Q493 and N501 in
SARS-CoV-2 RBD; (c) SARS-CoV-2 binding selectivity preferences could be strongly influenced by the
virus-binding hotspot K31 and H34 in the middle of the interface through an extensive interaction
network with K417, Y453, L455, F456, and Q493; (d) the binding energy contributions are broadly
and densely distributed across many interfacial residues of the SARS-CoV-2 RBD supporting the key
hotspot positions. The results suggested that the differences in the binding affinities of SARS spike
proteins may arise from a cumulative contribution of small energetic changes distributed across the
entire interface rather than from localized changes in several binding energy hotspots.
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Figure 11. Structural mapping of the binding energy hotspots in the SARS-CoV-RBD and
SARS-Cov-2-RBD complexes with ACE2. (A) A general overview of the SARS-CoV-RBD complex with
ACE2. SARS-CoV-RBD is shown in cyan ribbons and ACE2 is in green ribbons. The binding energy
hotspots that experience significant loss of binding energy upon alanine mutations are shown in cyan
spheres for SARS-CoV-RBD and in green spheres for ACE2. (B) A close-up of these binding energy
hotspots in the SARS-CoV-RBD complex with ACE2. The SARS-CoV-RBD residues are annotated
and shown in cyan sticks, ACE2 hotspot residues are in green sticks. (C) A general overview of
the SARS-CoV-2-RBD complex with ACE2. SARS-Cov-2-RBD is shown in blue ribbons and ACE2
is in pink ribbons. The binding energy hotspots that experience significant loss of binding energy
upon alanine mutations are shown in blue spheres for SARS-CoV-2-RBD and in pink spheres for
ACE2. (D) A close-up of the binding energy hotspots in the SARS-CoV-2-RBD complex with ACE2.
The SARS-CoV-RBD residues are annotated and shown in blue sticks, ACE2 hotspot residues are in
pink sticks.
3. Materials and Methods
3.1. Sequence Conservation and Coevolutionary Analyses
Sequence conservation for SARS-CoV spike proteins and ACE2 enzymes were estimated using
ConSurf approach [38,39] by computing the residue-based conservation score profiles that measure
evolutionary conservation, and the low score values are associated with the most conserved position in
the protein. Multiple sequence alignment (MSA) of 8264 SARS-CoV-2 sequences retrieved from NCBI
virus was obtained using MAFFT approach [68]. In this alignment, 4311 homologues were obtained
from UNIPROT database and UNIREF90 [69]. We also employed the Kullback–Leibler (KL) sequence
conservation score KLConsScore using the MSA profile generated for the SARS-CoV Spike glycoprotein
and ACE2 proteins. MSA profiles were obtained from Pfam database of protein families (P59594,
SPIKE_CVHSA, and CoV_S1_C, PF19209) and for ACE2 enzyme (Peptidase_M2, PF01401) [70–72]
generated by hidden Markov models. For ACE2 proteins 2560 sequences from 758 species were
used to generate MSA profiles. Of these, 2787 homologues passed the thresholds. The calculations
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were conducted on 300 hits (query included), sampled from the unique hits. The KL conservation is
calculated as
KLConsScorei =
N∑
i = 1
ln
P(i)
Q(i)
(1)
Here, P(i) is the frequency of amino acid i in that position and Q(i) is the background frequency
of the amino acid in nature calculated using an amino acids background frequency distribution
obtained from the UniProt database [73]. Mutual Information (MI) analysis and computations
were done using by MISTIC approach yielding the coevolutionary relationships between pairs of
positions in the SARS spike proteins and ACE2 proteins [43,44]. To evaluate coevolutionary couplings,
the covariance metric based on MI calculations was adjusted by the average product correction
(APC) [45–47]. Using coevolutionary residue matrices computations [59] we reconstructed a network
of coevolutionary residues with nodes representing residues and the inter-node links corresponded
to MI-derived coevolutionary couplings between these residues. Cumulative mutual information
(cMI) parameter evaluates the shared mutual information between a given residue and other protein
residues, and proximity-based mutual information parameter (pMI) measures the mutual information
shared by a given residue with the structurally close neighboring nodes. cMI was calculated as the
sum of MI values above a defined threshold (t = 6.0) for every pair that contains a given residue:
cMIx =
∑
y,MI(x,y)>t
MI(x,y) (2)
pMI score was computed using the following formula where the local residue environment was
averaged over MD simulations and a threshold distance t = 5 Å defined residue proximity:
pMIx =
1
N
∑
d(x,y),t
cMI(x,y) (3)
3.2. Coarse-Grained Molecular Simulations
We employed coarse-grained (CG) CABS model in which CG representation of amino acid residues
is reduced to four united atoms [74–78]. The amino acid residues are represented by main-chain
α-carbons, β-carbons, the center of mass of side chains, and another pseudo-atom placed in the center
of the Cα-Cα pseudo-bond. The sampling scheme of the CABS model allows for replica-exchange
simulations and is based on Monte Carlo dynamics and involves a sequence of local moves of individual
amino acids in the protein structure as well as moves of small fragments [74–76]. In each simulation,
the total number of cycles was set to 10,000 and the number of cycles between trajectory frames was
100. A total of 100 multiple independent CG simulations were performed for the all unbound and
bound SARS-CoV-RBD and SARS-CoV-2-RBD structures. Multiple independent simulations produced
a total of 1,000,000 samples for each studied system and the total number of saved models in the
trajectory used for analysis was 10,000. CABS dynamics protocol has been previously validated on
a variety of protein systems, yielding accurate dynamics trajectories for long-time processes [74–78].
Although the time unit of such dynamics cannot be rigorously defined, the implemented protocol
is expected to mimic the microsecond time scale of conformational changes and can be used for
direct comparative analysis with atomistic MD simulations. CABS-flex standalone program was
employed for the analysis of the CG simulations and all-atom reconstruction [78]. The simulated
unbound forms included the crystal structure of SARS spike protein RBD (pdb id 2GHV) [79] and
the crystal structure of the human ACE2 enzyme [48] (pdb id 1R42). The following complexes were
simulated and analyzed: the crystal structures of SARS-CoV-RBD complexed with ACE2 receptor (pdb
id 2AJF) [14,24], and the crystal structures of SARS-CoV-2-RBD bound with ACE2 (pdb id 6M0J, 6VW1,
6M17) [24–26]. All structures were obtained from the Protein Data Bank [80,81]. The CG conformational
ensembles of the SARS-CoV-RBD and SARS-CoV-2-RBD structures were then subjected to all-atom
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reconstruction using PULCHRA method [82] and CG2AA tool [83]. The all-atom conformations were
additionally optimized using the 3Drefine method [84] that utilizes atomic-level energy minimization
with a composite physics and knowledge-based force fields.
3.3. Structure Preparation and All-Atom Molecular Dynamics Simulations
All-atom 1µs MD simulations were performed for all studied protein structures.
All crystallographic water molecules and other heteroatoms including zinc were initially removed.
The zinc-binding site is located near the bottom of the cleft of subdomain I of ACE2 and more than
20 Å away from the intermolecular binding interface with SARS-CoV/SARS-CoV-2 RBD proteins.
Furthermore, previous studies have established that zinc does not stabilize ACE2 protein structure since
the native and apo-enzymes are equally susceptible to heat denaturation [85]. In addition, it was shown
that metal replacements mainly affect catalytic activity while a negligible change on ACE2 binding
and dissociation constant can be observed [85,86]. The hydrogen atoms and missing residues were
initially assigned using the WHATIF program [87]. Hydrogen atoms were initially incorporated and
the protonation states on protein residues were generated with the WHATIF program and then refined
by the H++ web server [88]. The structures were further preprocessed through the Protein Preparation
Wizard (Schrödinger, LLC, New York, NY) and included the check of bond order, assignment and
adjustment of ionization states, formation of disulphide bonds, removal of crystallographic water
molecules and cofactors, capping of the termini, assignment of partial charges, and addition of possible
missing atoms and side chains that were not assigned in the initial processing with the WHATIF
program. These preparation steps were consistent with the recent MD simulations of these systems [66].
Additionally, and for comparison, the missing loops in the structures were also reconstructed using
template-based loop prediction approaches ModLoop [89] and ArchPRED server [90]. The unresolved
structural segments were modeled and refined using the program MODELLER [91]. The crystal
structures of the unbound SARS-CoV and SARS-CoV-2 Spike RBD proteins were initially placed in
orthorhombic boxes of size 120 × 120 × 120 Å and solvated with simple point charge model. The crystal
structures of the SARS-CoV/SARS-CoV-2 RBD complexes were simulated in a box size of 85× 85× 85 Å
with buffering distance of 12 Å. Assuming normal charge states of ionizable groups corresponding to
pH = 7, sodium (Na+) and chloride (Cl-) counter-ions were added to achieve charge neutrality and a
salt concentration of 0.15 M NaCl was maintained. All Na+ and Cl− ions were placed at least 8 Å away
from any protein atoms and from each other. MD simulations were performed using CHARMM22 force
field [92] with the explicit TIP3P water model [93] as implemented in the NAMD software package [94].
The following protocol preceded the production stage of MD simulations. Long-range non-bonded
van der Waals interactions were computed using an atom-based cutoff of 12 Å with switching van
der Waals potential beginning at 10 Å. Long-range electrostatic interactions were calculated using
the particle mesh Ewald method [95] with a real space cut-off of 1.0 nm and a fourth order (cubic)
interpolation. SHAKE method was used to constrain all bonds associated with hydrogen atoms. An
integration step size of 2 fs was used, and production simulation trajectories were saved every 100 ps.
Simulations were run using a leap-frog integrator with a 2 fs integration time step and with Verlet
buffered lists (target energy drift of 0.005 kJ mol−1 ns−1 per atom). The neighbor list update frequency
was set to every 50 steps. Energy minimization after addition of solvent and ions was carried out
using the steepest descent method for 100,000 steps. All atoms of the complex were first restrained at
their crystal structure positions with a force constant of 10 Kcal mol−1 Å−2. Equilibration was done in
steps by gradually increasing the system temperature in steps of 20K starting from 10K until 310 K and
at each step 1ns equilibration was run keeping a restraint of 10 Kcal mol-1 Å-2 on the protein alpha
carbons (Cα). After the restrains on the protein atoms were removed, a series of short equilibration
simulations for 500 ps in NVT and 500 ps in the NPT ensembles were performed. Finally, the system
was equilibrated for additional 10 ns. An NPT production simulation was run on the equilibrated
structures for 1µs keeping the temperature at 310 K and constant pressure (1 atm). In simulations,
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the Nose–Hoover thermostat [96] and isotropic Martyna–Tobias–Klein barostat [97] were used to
maintain the temperature at 310 K and pressure at 1 atm, respectively.
3.4. Protein Stability Analysis and Binding Free Energy Calculations
Several different approaches were employed to compute (a) protein binding free energy changes
induced by alanine mutations of the binding site residues; (b) mutational sensitivity and protein
stability changes using systematic alanine scanning of protein residues. The FoldX approach with the
all-atom representation of protein structure [98] was used to conduct alanine scanning of the residues
and evaluate protein stability changes in the complexes. We utilized a graphical user interface for the
FoldX calculations [99,100]. The protein stability ∆∆G changes were computed by averaging the results
of computations over 1000 samples obtained from MD simulation trajectories [101,102]. The binding
free energy of protein–protein complex can be expressed as the difference in the folding free energy of
the complex and folding free energies of the two protein binding partners:
∆Gbind = Gcom −GA −GB (4)
The change of the binding energy due to a mutation was calculated then as the following:
∆∆Gbind = ∆Gmutbind − ∆G
wt
bind (5)
The binding free energies were also calculated using BeAtMuSiC approach that is based on
statistical potentials and describe the pairwise inter-residue distances, backbone torsion angles and
solvent accessibilities, and considers the effect of the mutation on the strength of the interactions at
the interface and on the overall stability of the complex [103–105]. We leveraged rapid calculations
based on statistical potentials to compute the ensemble-averaged binding free energy changes using
equilibrium samples from MD trajectories. The binding free energy changes were computed by
averaging the results over 1000 equilibrium samples for each system.
4. Conclusions
In this work, we combined sequence and coevolutionary analyses with coarse-grained and
all-atom MD simulations of the SARS-CoV-RBD spike proteins in the unbound and bound proteins
to dissect molecular determinants of binding mechanisms and drivers of preferential binding for
SARS-CoV-2 RBD protein. The analysis of structural and thermodynamic factors underlying the
binding mechanism was done by leveraging atomistic simulations of protein dynamics and modeling of
coevolutionary networks that suggested several important drivers of binding and signal transmission.
We also established that the binding interface between SARS-CoV-RBD and ACE2 proteins can involve
contributions of both conserved and more variable positions that are broadly distributed and may
cooperate in the binding process. By exploring the molecular basis of the virus entry mechanism
through the lens of structure, dynamics, and coevolution, we found that structurally stable and
conserved sites in the central segment of the binding interface can regulate coevolutionary couplings
and determine the SARS-CoV-RBD recognition mode. These sites anchor networks of highly coevolving
residues in SARS-CoV-RBD and ACE2 that tend to be located in the mobile loops of the binding
interface. We argue that these flexible and moderately conserved residues could act as flexible carriers
of allosteric signals between interacting proteins. The important result of the conformational dynamics
is the evidence of a much broader and consistent stabilization across the entire RBM interface with
ACE2 for the SARS-CoV-2-RBD protein. Ensemble-based mutational scanning and energetic analysis
has revealed a cooperative effect of multiple residues in SARS-CoV-2-RBD in the binding process as
binding energy contributions are broadly distributed across many interfacial residues supporting
the key hotspot positions. The central findings of this study revealing that the binding energetics of
SARS-CoV-2-RBD can be broadly distributed across the entire interface with ACE2 in supporting the
hotspot positions highlighted drug discovery challenges that would likely require inhibition of large
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and adaptive protein–protein interfaces in addition to targeting the discovered hotspots responsible
for virus entry. While the current therapeutic strategies against SARS-CoV-2 proteins involve a variety
of protein targets and robust drug repurposing pipelines, the effective agents targeting SARS-CoV-2
binding interfaces may require SAR-by-NMR approaches and elaborate drug design protocols to block
a highly adaptive interface involving cooperative contributions of multiple sites. The findings from
this study suggest that the binding mechanism of SARS-CoV-2 RBD may operate through dynamic
redistribution of the interface residues beyond several hotspots, suggesting that exploring potential
allosteric sites and modulators that can alter dynamics in the SARS-CoV-2 complexes with ACE2 could
be a useful strategy for drug design. The next breakthroughs in the discovery of effective drugs of
SARS-CoV-2 may ultimately require synergistic approaches that involve combinations of targeted
and allosteric molecules affecting the recognition events, the molecular basis of binding mechanisms,
and virus transmission.
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